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Introduction 
Breast cancer is a leading cause of mortality in women
population in developed countries [1,2].  One of sig-
nificant signs of possible cancerous changes are small
calcium deposits in the breast tissue, usually referred
as microcalcifications [3]. Those anomalies may be
viewed in radiology film as small spots brighter than
surrounding [3,4]. Unfortunately, from several rea-
sons: microcalcifications are small sized (typically
from 0.1 up to a few of millimeters), they often appear
in an inhomogeneous background tissue, and the local
contrast is usually low, detection of microcalcifica-
tions is a hard task, even for skilled radiologists. By
digitizing radiology films and applying digital image
processing algorithms, significant improvements of
image analysis are possible, for instance, contrast
enhancement, which hardly improves the visibility of
mammographic features. Moreover, new develop-
ments in detector technology allow direct conversion
of X-rays to electric signal, leading to full field digital
mammography (FFDM) [5]. Although the cost of
FFDM devices is still a hard limiting factor for wider
application of these devices, this technology has sig-
nificant advances in breast cancer diagnosis including
lower radiation dose, reduced breast compression pres-
sure, and better visualization of breast tissue. 
Since suspicious regions in a breast tissue may be
camouflaged by background tissue, and small objects
can even be lost, a reliable automated computer aided
detection (CAD) system [6], sometime called as com-
puter aided diagnostic system [7], could be very use-
ful, providing a valuable "second opinion" to a radiol-
ogist. Computer aided detection is the process of iden-
tifying potential abnormalities within a mammogram,
classifying regions of a mammogram as positive
(belonging to an anomaly) or negative. The CAD sys-
tem assists the radiologist by confirming the detection
of suspicious regions or identifying those that might
otherwise have been missed.
After processing and analyzing digital image, CAD
system usually marks suspicious regions in the mam-
mogram. Two different types of marks typically are
used: asterisks (*) indicating masses, and triangles (Δ)
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indicating microcalcifications (although these marks
could be different, depending on the manufacturer).
Radiologists review a mammogram then activate the
CAD software and re-evaluate the marked area(s)
before issuing a final report. 
Different methods for image enhancement are sug-
gested and embedded into CAD systems as reviewed
in [8]. Note that conventional contrast enhancement
algorithms and thresholding [9] are not quite appropri-
ate since they globally change the whole image, not
only particular details of interest, like microcalcifica-
tions. A number of methods have been proposed for
segmentation and/or detection of microcalcifications,
such as classical image filtering [10,11], techniques
based on mathematical morphology [12,13], stochastic
fractal models [14,15], wavelet analysis [16-20] and
multiscale analysis [21].
In this paper the system providing better visualiza-
tion of microcalcifications, helping thus the physicians
to detect brest cancer in an earlier stage, is described.
System is tested over referent MIAS database [22] and
applied to a number of cases from clinical praxis in the
Clinical Center of Serbia [23].
Materials and methods
Microcalcifications have several characteristic features [3]. They
are: (i) small bright parts, (ii) not belonging to background tissue
(rare events), with (iii) relatively high local contrast, (iv) usually
clustered. From these features we derived two methods for seg-
mentation of microcalcifications. One method is based on mathe-
matical morphology (MM) while the second one is based on the
multifractal (MF) analysis.
The mathematical morphology techniques relate to modern
mathematical set theory [24]. In image processing, morphological
operations have been originally developed for the analysis of bina-
ry (black and white) images, and later on extended to monochrome
(gray-scale) and multicomponent (color) images [9]. MM image
processing use the two sets in a matrix form: an input image, I,
sized M×N, described by its pixels I(i,j), i=1,2,…,M, j=1,2,…,N,
and a processing operator, so-called the structuring element, S,
with elements S(k,l), usually in a square form, k=1,2,..,K,
l=1,2,…,K, and much smaller than the input image. Although the
elements of structuring element may have arbitrary magnitudes,
the most commonly used is the flat structuring element, having the
same values of all nonzero elements. 
Two morphological operations: erosion and dilation are funda-
mental to morphological processing [9]. The erosion of I by a flat
structuring element S is defined as the minimum value of the image
in the region coincident with S, within the image I. Oppositely, the
dilation is defined as the maximum value of the image in the window
outlined by S. In this way, eroded gray-scale image will be darker
than the original, because the sizes of bright parts will be reduced or
even removed (depending on how their values and shapes relate to
the structuring element), and the sizes of dark features will be
increased. Conversely, dilated gray-scale image will be brighter than
original and the intensities of the dark features will be reduced.
The next two morphological operations of interest are opening
and closing. The opening of image I by a structuring element S,
denoted as I o S, is defined as erosion followed by dilation, with the
same structuring element, while closing, denoted as I • S, has the
opposite order of the operations: dilation first and then erosion. As
a consequence, with gray-scale opening one can remove bright
details smaller than the structuring element used. Large details,
both bright and dark, which are larger than the structuring element,
remain nearly unchanged. The effects are opposite when using the
closing operation: dark details will be removed if they are smaller
than the structuring element.
By combining image subtraction with opening and closing, the
following two transformations, so-called top-hat (TH) and bottom-
hat (BH) transformations, are derived. The top-hat is defined as an
image I minus its opening: TH = I – (I o S), while the bottom-hat is
defined as the closing of I minus the original image: BH = (I • S) –I.
Subtracting an opened image from the original image, as TH does,
yield an image, which emphasizes features removed by opening.
Thus, TH transformation is an excellent tool for enhancing small
bright details from a nonuniform background, and it has proved its
efficiency in fingerprint segmentation applications [25]. Conse-
quently, the BH transformation produces an effect opposite to the
TH. That means, one can extract dark features from a brighter
background. Note that both transformations also equalize a
nonuniform background illumination.  
Regarding to microcalcifications, our research was addressed
to derive simply, fast, and robust algorithm for emphasize small
variations in local contrast, followed by reduction of surrounding
tissue texture. This is especially important in the brighter areas of
mammogram (which usually correspond to dense breast tissue),
where the human eye is less sensitive [9]. Local contrast enhance-
ment with high suppression of surrounding texture can be achieved
by adding the difference of TH and BH images to the original
image. The obtaining image, which can be called as the contrast
image, C, is given by C = (TH – BH) + I.  Note that by the differ-
ence (TH-BH) only details brighter than surrounding and smaller
than structuring element are strongly emphasized while back-
ground tissue is suppressed. In fact, the gray level of previously
emphasized details is increased toward white, while the overall
gray level of surrounding tissue is decreased toward black. Fur-
thermore, if we add an original image to this difference, enhanced
details become even brighter than surrounding. Consequently, the
enhancement of bright details smaller than the structuring element
is reinforced, and uneven background (surrounding tissue texture)
is highly equalized, almost regardless of overall surrounding
brightness. Furthermore, this procedure can be iteratively repeated,
by using the output C(n) from the actual iteration, n, n=1,2,…, as
the input image for the next iteration, i.e., by substituting
I(n+1)=C(n), and repeating the described procedure. The proposed
method converges rapidly. From our intensive simulations, we
founded that not more than three iterations are sufficient. After
such a processing, final image contains only small bright details,
while uneven background tissue is equalized and suppressed. Cer-
tainly, by selecting the shape and the size of the structuring ele-
ment, different parts of the initial image may be enhanced or sup-
pressed, or even removed. In case of microcalcifications, regarding
to their size (usually is up to few millimeters) and most likely
shape (oval), we used disk-shaped structuring element with the
corresponding diameter of up to 2.2 mm. 
Multifractal approach is an efficient way for quantitative descrip-
tion of complex structures, objects and phenomena. Many objects
and phenomena exhibit self-similar or fractal property: a structure
is assumed as made of parts similar to the whole, exactly or statis-
tically. Artificially generated fractal structures are commonly
known as deterministic (or, mathematical) fractals [26,27]. These
structures are generated by using exact rules and they are charac-
terized by exactly the same fractal dimension in whole scales, thus
they are referred as monofractals. Instead, a variety of natural
objects may also exhibit self-similarity but only in a statistical
sense. These structures are known as random fractals. The fractal
dimension of such structures varies with the observed scale, thus
they are referred as multifractals [27]. Fractal and multifractal
526 B. Reljin et al.
©Polish Histochemical et Cytochemical Society
Folia Histochem Cytobiol. 2009:47(3): 526 (525-532) 
10.2478/v10042-009-0076-1
properties of observed structure can be quantitatively described in
several ways, as reported in [27-30]. Very often, the so-called
Hölder exponent, α, is used for describing local regularity of a
structure, while the distribution of this quantity, known as the mul-
tifractal spectrum, f(α), describes the global regularity of observed
structure.
Different complex structures, signals and phenomena have
been successfully analyzed and described through the MF
approach: for instance, image processing [29-37], medical signal
processing [28,35,38,39], analysis of the road traffic [40] and mod-
ern multimedia traffic [41,42], even the analysis of climate
changes [43-45]. The MF analysis permits us to describe
signal/structure features both from local and global points of view.
For instance, high values of Hölder exponent α denote high local
changes, and opposite for low α. Regarding to the MF spectrum
f(α), its low values denote rare events – isolated parts in the whole
structure having particular value of α, and opposite for high f(α).
Moreover, the MF analysis may be performed in an inverse way:
find parts in the signal/structure having particular values of α or
f(α). This kind of processing may be called as an inverse MF (IMF)
analysis. Regarding to images, by applying MF method,  we can
create an 'α-image' – a matrix of the same dimension as initial
image but filled by values of  (i,j) with one-by-one correspondence
to image pixels I(i,j). From this matrix, the MF spectrum f(α), also
in a matrix form, f(i,j)=f(α(i,j)), may be estimated [30],[33]. From
once created α and f(α) matrices (images), we can select desired
range of values α and/or f(α), extracting in this way image parts
characterized by these multifractal values. Similar procedure was
derived for 1D signals, as well [38]. 
Multifractal and inverse multifractal anlysis can be modified
for enhancing microcalcifications in a breast tissue. Namely, as
noted earlier, calcifications are represented by small bright spots
not belonging to background tissue, usually in the form of clusters,
and characterized by sharp change of local contrast just at their
edges [46,47]. In multifractal terminology, normal human tissue is
characterized by high degree of self-similarity [26-28] while the
tissue anomalies are considered as structural "defects", i.e., as
deviations from global regularity of the background. So, the fea-
tures of calcifications are described both by high values of Hölder
exponent α (high local changes) and low values of its distribution
f(α) (rare events, in global sense). From the modifications derived
in [37] an IMF analysis is adapted just to enhance only small con-
trast changes within the small regions, permitting very good detec-
tion of calcifications even in radiology dense tissues.
Results
Algorithms testing over gold standard
The two methods, described shortly in previous chap-
ter, are tested over referent mammograms from MIAS
(Mammographic Image Analysis Society) database
[22], used as a gold standard. The MIAS database con-
sists of left and right breast X-ray images for 161
patients (322 images, in total) taken from the UK
National Breast Screening Programme. The images
has been reviewed by a consultant radiologists and
classified in the three types, such as Normal (208),
Benign (63), and Malignant/Abnormal (51), from
which 25 images contains microcalcifications. Anom-
alies have been identified and marked: the location of
the anomaly and the radius of a circle, which encloses
it. All images are digitized to a resolution of 50
microns and 8 bits per pixel (bpp), or 256 gray levels.
From MIAS database, a MiniMIAS database,
which is publicly available at [48], was derived by
rescaling the MIAS images from 50 to 200 microns
(2x2 decimation). All mammograms in the
MiniMIAS database have the same dimension
(1024x1024 pixels) and the same 8-bit pixel depth.
Regarding to pixel dimensions and the maximal size
of structuring element (corresponding to 2.2mm), we
used disk-shaped structuring element with maximal
diameter of 11 pixels.
After applying our methods, all 25 microcalcifica-
tion cases from MiniMIAS database have been detect-
ed, even in radiology hard case, such as the mammo-
gram mdb253.pgm, depicted in Fig. 1(a). Clinically
approved microcalcifications are located within a
small black circle. A part of this mammogram
(256×256 pixels) around approved microcalcifications
is presented in Fig. 1(b). The breast tissue is very
dense causing very poor contrast between anomalies
and surrounding tissue. Thus, the visual detection of
microcalcifications is extremely difficult even for
skilled radiologists.
By applying MM method described in previous
chapter, morphology transformed image after n=3 iter-
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Fig. 1. (a) Original mammogram mdb253.pgm from MiniMIAS
database and (b) its selected part (256×256 pixels) around the
position of clinically approved microcalcifications. 
Fig. 2. Mammogram mdb253.pgm. Morphology segmentation: (a)
Morphology transformed image C(3). (b) Contour lines superim-
posed around segmented details.
ations, C(3), of the breast region from Fig. 1(a), is
shown in Fig. 2(a). Due to extremely low contrast,
visual detection of the enhanced microcalcifications is
still difficult. However, after applying an appropriate
thresholding on the C(3) image, microcalcifications
may be extracted and marked by contour lines, as
shown in Fig 2(b). 
By applying our modified IMF approach [37] on
the image in Fig. 1(b), we are created corresponding
f(α) image as in Fig. 3(a). By selecting regions within
f(α) characterized by 0≤f(α)<0.3 (rare events) we can
create contour lines around these regions and superim-
pose them over pixels from an original image, obtain-
ing the result as in Fig. 3(b). As we can conclude, clin-
ically approved microcalcifications are detected.
Note that besides microcalifications verified by
radiologist, our methods selected also other anomalies,
outside from declared region – signed by black arrows
in Figs 2(b) and 3(b). By additional postprocessing,
these objects may be rejected (since they are isolated
objects, without any cluster), or can be further exam-
ined by a physician.
By applying both methods all microcalcification
cases from MiniMIAS database (25 cases, in total) are
detected as true positive (TP), and no false negative
(FN) are detected. Furthermore, only a few false posi-
tive (FP) calcifications are detected under fixed deci-
sion conditions: FP=2 for the MM method, with fixed
number of n=3 iterations, and FP=3 for the MF
method, with fixed region 0≤f(α)<0.3. In this way the
completeness, described as CM=TP/(TP+FN) was
100%, and the correctness, CR, described as
CR=TP/(TP+FP), was about 90%: 92.6%, for MM
method, and 89.3%, for MF method. By additional
optimization of the decision algorithm, which will be
the goal of our further research, it is expected to
improve the correctness and thus the whole accuracy
of the algorithms. 
Mammograms from clinical praxis
After testing the accuracy of the MIAS database as the
gold standard, we considered their applicability on dif-
ferent cases from medical praxis in Clinical-Hospital
Center "Bezanijska Kosa", and in Institute for Oncolo-
gy and Radiology from Clinical Center of Serbia.
Radiologists from Clinical Center evaluated results
obtained after applying our algorithms. From "Bezani-
jska Kosa", we used standard X-ray films 18×23 cm,
digitized with 600 dpi (corresponding pixels of about
43 micrometers), obtaining images sized 4319×5876
pixels with 8bpp pixel depth, in TIFF format. From
Clinical Center of Serbia we used digital images from
FFDM device Hologic/Lorad Selenia [5] sized
2560×3328 pixels, 8 bpp, with 70 micrometers pixel
size. Due to different pixel sizes, corresponding sizes
of disk-shaped structuring elements have been
rescaled to 51 and 31 pixels, respectively for digitized
and digital images.
As an example, we will present here the mammo-
gram r21.tif, Fig. 4(a), which represents cranio-caudal
(CC) oblique view. Only a part of the mammogram,
within the white dashed square, was analyzed. Results
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Fig. 3. Mammogram mdb253.pgm. Multifractal segmentation: (a)
f(α) image derived from image in Fig. 1(b); (b) Contour lines
superimposed around segmented regions having 0≤f(α)<0.3.
Fig. 4. (a) Mammogram r21.tif from "Bezanijska Kosa" and segmented microcalcifications in the region within the dashed rectangle, by
applying: (b) the MM method and proper thresholding, (c) the MF method and selecting regions with 0≤f(α)<0.4
after MF and MM segmentation are depicted in Figs
4(b) and 4(c), respectively. Selected regions are con-
firmed by radiologists as microcalcifications.
Realized CAV system
After testing, our algorithms accompanied with neces-
sary preprocessing steps and appropriate graphic user
interface, are embedded into the CAV system, which
will be briefly described. Only the MM module will be
presented because the MF method has been described
in details in [37].
The main screen layout of our CAV system is
depicted in Fig. 5a. An original digital image
(mdb219.pgm, from MiniMIAS) is on the left and the
processed preview is on the right. A set of buttons on
the right permits an interactive processing of an image.
By activating the button <OPEN> radiologist
selects input mammogram from a database. If neces-
sary, image resizing and/or the change of necessary
parameters (for instance, spatial resolution and/or ini-
tial upper limit of microcalcification radius) is per-
formed using <resize/parameters> control. Before
applying our MM algorithm, the mammogram is pre-
processed to extract only the breast tissue region for
further processing, by pressing <Breast region> but-
ton. Then the user can start the iterative MM procedure
by activating <Next iteration> button. The number of
iterations is arbitrary. By activating the button <Previ-
ous iteration> we are going back to the previous itera-
tion step. In this way, possible overprocessing is avoid-
ed. The level of segmentation may be adjusted by
changing the level of threshold (T) within the normal-
ized range 0<T<1, by moving the slider in desired
direction, or by entering the threshold value in the box
below. Thresholded bright details (microcalcification
candidates) will be extracted from the tissue back-
ground by activating the button <Marking>. All pixels
with a gray level L larger than T will be labeled and the
contour lines around these objects may be created and
superimposed onto the original, as shown in Fig. 5b,
for the threshold of T=0.38. Alternatively, instead of
superimposed contour lines, segmented details may be
marked with white triangles, or we can use both marks,
as in Fig. 5c. The thresholding procedure may be per-
formed in an interactive way allowing adjustment of
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Fig. 5. (a) Our CAV system screen snapshot. Mammogram mdb219.pgm from MiniMIAS database. (b) Segmented microcalcifications
with superimposed contour lines (left) and zoomed detail (right). The threshold T=0.38 is selected by a user. (c) Zoomed detail of seg-
mented microcalcifications with superimposed contour lines and marked by white triangles. (d) Insertion of morphometric data describ-
ing greatest (bold outlined) selected region. 
the threshold for finding the best result. Instead of
interactive control, by activating <Initial marking> the
system works with predetermined threshold value.
Control button <Crop ROI> allows the radiologist
to interactively extract desired region of interest, and
apply the algorithm only to this part, not to the whole
breast region. By activating the <Ruler> button, differ-
ent measures, for instance, distances between selected
points and/or different morphometric data describing
selected regions, as in Fig. 5(d), can be performed.
From a number of digital mammograms obtained
from FDDM unit Hologic/Lorad Selenia [5] in Clini-
cal Center of Serbia, only two characteristic cases are
presented in Figs 6 and 7, respectively. Figs. 6(a) and
7(a) are screen snapshots of our CAV system with dig-
ital images Subject_1.tif (malignant) and Subject_2.tif
(benign), while in Figs 6-7(b) and 6-7(c) MM
processed C(3) images and images with embedded tri-
angles, indicating to microcalciofications, are depict-
ed. From practical reasons (faster processing), images
are downsampled 2x2 times, i.e., the actual image size
before processing becomes 1280×1664 pixels.
Discussion
Our research was addressed to segmentation and
visualization of microcalcifications in digital mam-
mograms. In an original image, microcalcifications
are represented by small bright spots not belonging
to background tissue, usually in form of clusters, and
characterized by sharp change of local contrast just
at their edges. In multifractal terminology, these fea-
tures are described both by high values of Hölder
exponent α (high local changes) and low values of
its distribution f(α) (rare events in global sense). We
have derived two methods for enhancing and extract-
ing microcalcifications from the background breast
tissue. One method is based on the mathematical
morphology and the second on the multifractal
analysis.
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Fig. 6. Digital image Subject_1.tif – malignant case. (a) Screen layout. (b) C(3) image after MM segmentation.  (c) Original mammo-
gram with segmented details for threshold T=0.6, marked with white triangles.
Fig. 7. Digital image Subject_2.tif – benign case. (a) Screen layout. (b) C(3) image after MM segmentation.  (c) Original mammogram
with segmented details for threshold T=0.6, marked with white triangles.
From our research, it was shown that high local
contrast enhancement, followed by significant sup-
pression of surrounding tissue can be achieved using
an appropriate combination of morphological top-hat
and bottom-hat transformations. By a proper choice of
the shape and size of structuring element, the proposed
algorithm may be customized to the particular pro-
cessing task. Iterative application of the proposed
method highly enhances small, bright details and sup-
presses the background tissue. Such a procedure is
suitable for mammogram analysis, since the microcal-
cifications, which are often an early sign of a breast
cancer, are usually displayed as bright areas in a mam-
mogram, due to their high attenuation of X-rays. From
intensive simulations, it was approved that three itera-
tions are sufficient for extracting desired details. The
final segmentation is obtained by thresholding the
processed image. The algorithm is fast and computa-
tionally simple being thus appropriate for real time
mammogram processing and even telemedicine appli-
cations.
Multifractal analysis permits the selection of
regions characterized by particular local and/or regu-
larity. Since microcalcifications are nonregular parts of
a tissue, they can be extracted as a regions character-
ized by low values of multifractal spectrum f(α).
Based on this assumption an efficient MF algorithm
was adapted to enhance small contrast changes permit-
ting very good detection of calcifications even in radi-
ology dense tissue. After obtaining multifractal 'image'
f(α) a radiologist has the freedom to change the level
of segmentation in an interactive way, by choosing
appropriate range of f(α) values, for detecting and
extracting desired regions, in our case regions which
may contain microcalcifications. 
Both methods are tested over MiniMIAS database
as a gold standard. All microcalcification cases (25 in
total) from this database are succesfully detected as
true positive, without false negative, so the complete-
ness, described as CM=TP/(TP+FN) was 100%.
The two suggested methods are embedded into the
computer assisted visualization system which is used
as a diagnosis confirmation tool in the clinical praxis.
Note that both methods always extract small bright
details which may be microcalcifications, but also
other bright details including a noise, film failure
and/or other artifacts. By introducing some post-pro-
cessing algorithms, our CAV system may distinguish
microcalcifications from other details. For instance, by
applying some morphology operations we can both
removes details not belonging to the tissue anomalies
(for example, film emulsion artifacts) and selects and
labels regions containing clusters with (possible)
microcalcifications. Our further research will be
addressed to the decision algorithms, for improving
the accuracy of the detection of microcalcifications.
Certainly, as other CAD systems, our system is only an
assistant tool, indicating to suspicious regions, and
facilitating the final decision derived from the radiolo-
gist. 
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